Arid (or dryland) regions occupy 41% of Earth's total land area and are home to more than a third of the world's population. Most inhabitants of arid regions live in developing countries. In addition, arid regions are highly vulnerable to climate change and human activity. Global warming has the potential to increase arid land area. In most arid regions, desertification, land degradation, and drought are common. An early warning and monitoring system is urgently needed to safeguard human well-being in those regions. This study examined changes of the global distribution of the aridity index (AI) calculated on the basis of meteorological reanalysis and precipitation datasets from 2001 to 2013. Climatically wet regions in arid regions are becoming more arid. Classification of aridity with a satellite-based aridity index (SbAI) characterized present conditions better than classification with the AI. These results suggest that land aridification or wetting can be detected by comparing the SbAI (= actual conditions) with the AI (= climatic conditions).
Introduction
The United Nations Convention to Combat Desertification [31] advocates sustainable land management (SLM), including use of practices that minimize soil erosion, improve the capacity of the land to produce crops, and increase the income of persons in dryland areas. In other words, the goal of the UNCCD is to identify practices that are sustainable in drylands [3, 21, 29, 30] . There is an especially urgent need to develop SLM in arid regions that are most vulnerable to the impacts of human-induced climate change, such as global warming [11] . Though SLM has been practiced throughout the world to combat desertification, the results have been insufficient to achieve sustainable use of drylands. To prevent further desertification in drylands, early warning and monitoring systems based on numerical models, remote sensing, and weather forecasts (e.g., [4, 12, 14] ) are needed to anticipate the seasonal (or annual) variations of conditions in arid regions.
Many studies have used climatic data to identify the global distribution of arid regions. Two aridity indices (AIs) that have been used are the radiative dryness index defined by Budyco [1] and the Pr/Ep ratio (e.g., [23, 28, 33] ), where Pr is precipitation and Ep is potential evaporation. Wang and Takahashi [36] have pointed out that these indices were developed from semi-empirical relationships between observed evapotranspiration and climatic factors; they do not capture physical processes in the soil-vegetation-atmosphere continuum (SVAC). However, these convenient indices are still used for classifying aridity [22, 33] .
In contrast, Gamo et al. [5] have indicated that objective criteria with physical and biological meaning are needed to prepare a map of the global distribution of arid regions. Relevant physical and biological criteria include the aridity index (AI) and normalized difference vegetation index (NDVI). They proposed a delimited methodology that combines the aridity and vegetation indices. An important point made by Gamo et al. [5] is that the AI is just a climatic factor-it is not an actual indication of arid conditions-whereas the NDVI is an indication of an actual condition (abundance of vegetation) related to the climatic condition.
Kimura [14] has also developed a method to monitor the global distribution of degraded land area based on a metric of dust erodibility calculated from the NDVI and a satellitebased aridity index (SbAI). They concluded that the area of degraded land averages 13% of the total land area, but it ranges from 19% (corresponding to areas classified as hyper-arid (7.3%) and arid (11.6%) by the United Nations Environment Programme (UNEP)) to 7% (corresponding to the area of hyper-arid regions only). However, Kimura [14] also suggested that this method requires further refinement to make it possible to use only satellite data to sub-classify arid regions consistent with the UNEP classification.
This study extended the SbAI-based method for the classification of aridity. First, the AI was calculated by using the Global Precipitation Climatology Centre's (GPCC) precipitation and meteorological reanalysis datasets, and the global distribution and annual changes of the AI were analyzed from 2001 to 2013. Second, classifications of aridity with the SbAI and AI were compared. Finally, for future development, AIs calculated with the Global Satellite Mapping of Precipitation (GSMaP) and GPCC datasets were compared.
Methods

Calculation of Aridity Index
Although several climate-based methods have been used to define arid regions, a widely used standard is the aridity index AI [6, 8, 20, 22, 33, 34] that expresses aridity as a generalized function of the Pr/Ep ratio. The AI uses that metric to classify arid regions as hyper-arid, arid, semi-arid, or dry sub-humid.
We calculated AIs and SbAIs between latitudes of 55°N and 55°S to exclude tundra areas, where the climate is subarctic, because our aim was to monitor arid regions defined by climatic indices, in accord with Gamo et al. [5] . The horizontal resolution was approximately 1°in longitude and latitude under the WGS 84 (World Geodetic System) coordinate standard. Areas (km 
Annual Potential Evapotranspiration
The Ep was calculated as follows with the Thornthwaite method [27] , which has also been used by the UNEP [32, 33] :
where
Epm is monthly potential evapotranspiration (cm), t i is the monthly averaged temperature of ith month (°C), N is the monthly averaged possible duration of sunshine (h), φ is the latitude (rad), δ is the declination (rad), J is the day of the year corresponding to the 15th day of each month (Jan, 15 
where Pr is annual rainfall (m), Epp is corrected annual potential evapotranspiration (m), and AI is the corrected annual aridity index. Temperature data used for the calculation were downloaded from the Global Data Assimilation System (GDAS) (https:// www.ncdc.noaa.gov/data-access/model-data/model-datasets/ global-data-assimilation-system-gdas). The GDAS is the system used by the National Center for Environmental Prediction (NCEP) Global Forecast System (GFS) model to place observations into a gridded model space for the purpose of starting, or initializing, weather forecasts with observed data. Data are obtained from 2 m above the land surface at 00, 06, 12, and 18 UTC. Daily average temperature is calculated from these time steps and is finally averaged over monthly time intervals. The spatial resolution or grid scale is 1.0°× 1.0°.
Annual Rainfall
GPCC Precipitation Data
The GPCC has calculated precipitation for all global land areas during the target period by objective analysis of climatological average rainfall at the rain gauge stations in its database [25, 26] . Although there are three datasets, we used the Full Data Product (V7) for the period from 1901 to 2013. The V7 dataset includes quality-controlled data from 67,200 stations worldwide that feature record durations of 10 years or longer. This product contains the daily or monthly totals on a regular grid with a spatial resolution of either 0.5°× 0.5°, 1.0°× 1.0°, or 2.5°× 2.5°latitude by longitude. Precipitation anomalies at the stations are interpolated and then superimposed on the GPCC Climatology V2011 at the corresponding resolution.
Daily data from 2001 to 2013 were downloaded from the National Oceanic and Atmospheric Administration (NOAA) Earth System Research Laboratory (https://www.esrl.noaa. gov/psd/data/gridded/data.gpcc.html). We used a grid scale of 1.0°× 1.0°.
GSMaP Precipitation Data
The GSMaP provides hourly global rainfall maps in near real time (about 4 h after observations) using the combined midwavelength infrared (MWIR) algorithm with microwave imager mounted on (1) the Global Precipitation Measurement Core Spacecraft (GPM), (2) (7) the Geostationary infrared (IR) satellite [17, 19, 35] . Background cloud images affected precipitation estimation were globally merged by IR data produced by the NOAA Climate Prediction Center using IR data observed by Japan Meteorological Agency's (JMA) Himawari satellite, NOAA's GOES (Geostationary Operational Environmental Satellite system) satellites, and EUMETSAT's (European Organization for the Exploitation of Meteorological Satellites) Meteosat satellites.
Daily data from 2001 to 2013 were downloaded from the Japan Aerospace exploration Agency (JAXA) Rainfall Global Watch (http://sharaku.eorc.jaxa.jp/GSMaP/index_j.htm). The spatial resolution was 0.1°. To calculate the AI, the spatial resolution was changed to 1°by averaging 100 grids.
Satellite-Based Aridity Index
Daily SbAI, the physical meaning of which is the opposite of heat capacity determined by land surface wetness, can be expressed as follows (developed by [15] ):
Hyper arid Arid Semi-arid Dry sub-humid
Category by AI ΔT s is the difference in land surface temperature (LST) between day and night, and R s is the absorbed solar radiation calculated from broadband albedo r, the solar constant S 0 (1367 W m −2 ), and the solar zenith at the Sun's apex, θ c . ΔT s reflects surface dryness and the effects of other factors, especially solar radiation. To compensate for the effect of solar radiation, ΔT s is divided by R s in Eq. (8) . For a dry surface, SbAI is large because ΔT s is large, and ΔT s is large because the low soil water content causes the heat capacity to be low.
Calculations of SbAI were based on the method of Kimura [14] and used the MODIS data products MOD09CMG and MOD11C1 for broadband albedo and LST. Daily satellite data were downloaded from the Land Processes Distributed Active Archive Center (https://lpdaac.usgs.gov/). Determinations of cloud cover were derived from cloud flag information in the satellite data. The spatial resolution was 1 km [14] . To be consistent with the resolution of the AI, the resolution was changed to 1.0°by averaging. The daily SbAI was calculated using only the good data, which were identified on the basis of the quality flag. Finally, the data were averaged on a yearly basis from 2001 to 2013.
Results and Discussion
Aridity Indices Calculated by Using GPCC Precipitation Data and Their Global Distribution and Annual Changes
The global distribution of annual AIs calculated with GPCC precipitation data averaged from 2001 to 2013 was based on the categories defined by UNEP [33] (Fig. 1) . The distribution [33] of arid regions was similar to that of UNEP [33] , and the area and percentage of the total land area (58 × 10 6 km 2 , 39.5%) were also similar (60.9 × 10 6 km 2 , 41.1%) ( Table 1 ). However, the areas and percentages differed in each category. The areas and percentages increased from 2001 to 2013 in the hyper-arid (+ 2.7%) and arid (+ 0.6%) regions, and they decreased in the semi-arid (− 1.5%) and dry sub-humid (− 3.4%) regions. The changes were especially large in the hyper-arid and dry sub-humid regions (Fig. 2) . The implication is that regions with relatively wet climates have become drier.
Even in the brief period from 2001 to 2013, there were annual changes in the areas or percentages of each category (Fig. 3) . Although there were almost no changes in the areas or percentages in the hyper-arid and dry sub-humid categories, there were increasing trends in the arid regions and decreasing trends in the semi-arid regions. During this brief period, the annual changes in the arid and semi-arid regions may have been more sensitive to climatic variations.
Classification of Aridity with SbAIs
Because the AI is a climatic index for aridity based on the water balance, it cannot express actual conditions of aridity [5] . The physical interpretation of the SbAI as a metric of the reciprocal of heat capacity is based on estimating heat capacity from the ratio of the amplitude of the LST and incident net solar radiation. The SbAI has therefore been used to detect the actual land surface aridity related to dust occurrence and land degradation [12] [13] [14] . The global distributions of the SbAI and AI are roughly similar (Fig. 4 with reference to Fig. 1) .
The SbAI decreased as the AI increased and was significantly correlated with the AI (coefficient of determination R 2 = 0.32) (Fig. 5) . Large deviations were caused by the differences in the physical meanings of the AI and SbAI (i.e., climatic index versus actual land surface conditions). For example, even if the AI is nearly zero, the SbAI can be Figure 6 shows the global distribution of SbAIs based on the above classification. The distributions in Figs. 1 and 6 are similar, except for some areas such as western Australia and western North America. These inconsistencies reflect the differences of the physical meanings of the SbAI and AI. Based on the AI, western Australia and western North America are classified as arid and semi-arid regions, respectively, but they are classified as semi-arid regions and arid regions (including hyper-arid regions) based on the SbAI. The appropriateness of the SbAI has been explained by Kimura [14] based on the distribution of degraded land area, including desert and both permanently and temporarily degraded land. He has indicated that degraded land areas closely correspond to hyper-arid and arid regions. In the analysis from 2012 to 2016, degraded land could not be detected in western Australia, but it could be detected in western North America. In other words, western Australia and western North America are difficult to regard as arid regions and semi-arid regions, respectively. Kondoh [16] has also indicated that the annual integrated NDVI exhibited a strong, positive trend in western Australia up to 2000. However, he concluded that the reason was unclear.
These results suggest that land aridification or wetting might be detected by comparing the SbAI (= actual conditions) with the AI (= climatic conditions). In the SbAI, the percentages of the total land in the hyper-arid, arid, semiarid, and dry sub-humid categories were 10.9%, 12.2%, 12.9%, and 3.4%, respectively. The total percentages were almost identical for the SbAI (39.4%) and AI (39.5%) ( Table 1) . However, the actual conditions revealed comparatively more hyper-arid (+ 1.6%) and arid (+ 1.0%) regions, and fewer semi-arid (− 0.8%) and dry sub-humid (− 1.9%) regions than were indicated by the AI. Like the results in Fig.  2 , these differences imply that relatively wet areas in arid regions have in fact been becoming more arid. Assuming that the extent of aridification increased by + 2.6% (= 1.6% + 1.0%), the actual land area subjected to aridification by factors such as human activity was approximately 4 million km 2 . It is interesting to note that this area of 4 million km 2 is similar to the area of abandoned cropland and rangeland (4.7 million km 2 ) [2, 7] . In contrast, northeast Brazil is a semi-arid region based on the AI but not according to the SbAI. This difference can be explained by the recent expansion of irrigated farming [24, 37] . Actually, the annual integrated NDVI exhibited a positive trend in northeast Brazil up to 2000 [16] . The implication is that wetting associated with human activity can also be detected by comparing the SbAI with the AI. 
Comparison of AIs Calculated with GSMaP and GPCC Precipitation
GPCC precipitation is based on actual rainfall observed at a meteorological station. However, no such data exist or have been prepared since 2014. We therefore used GSMaP precipitation for continuous monitoring of the AI. Overall, the AI based on GSMaP precipitation was correlated well with the AI based on GPCC precipitation from 2001 to 2013, but the correlation between them in each category was not as good as the overall correlation (Fig. 7) . The AI based on the GSMaP precipitation was underestimated in hyper-arid and arid regions and overestimated in semi-arid and dry sub-humid regions. GSMaP precipitation is estimated mainly by satellite microwave radiometers. When these data are not available, geostationary satellite data are used. The estimated precipitation is corrected with high-precision sensors such as the TRMM and GPM, and the final product is the GSMaP precipitation. It is possible that precipitation estimated by microwave radiometers includes some bias. Data obtained with microwave radiometers are correlated with the optical thickness of the atmosphere and not with the amount of precipitation. Errors associated with estimating land surface emissivity, the dependence of the optical thickness on the kind of rain, and translation of this information to the amount precipitation may exist.
GSMaP precipitation is estimated only from satellite data, and because it provides hourly global rainfall maps in near real time, it is very convenient for calculating AIs. However, there are some problems with use of GSMaP precipitation at this stage.
Conclusions
Arid regions are very sensitive to climate change and human activity, two critical drivers of change that are degrading environmental conditions. The AI is one way to evaluate the extent of climate change in arid regions. After examining annual variations of AIs from 2001 to 2013 globally, we have proposed a method to monitor the actual extent of aridity using a satellite-based aridity index (SbAI), which we propose should be compared with the AI. We reached the following conclusions:
& The distribution of arid regions and the total area of arid land are similar to the UNEP [33] estimates. However, the percentage to the total land area increased in hyper-arid and arid regions, and it decreased in semi-arid and dry sub-humid regions. & Even during the brief period from 2001 to 2013, there were annual changes in arid land areas. Although the areas of dryland changed very little in hyper-arid and dry subhumid regions, they tended to increase in arid regions and to decrease in semi-arid regions. & The SbAI decreased with increases of the AI and was significantly correlated with the AI. On the basis of the relationship between the AI and SbAI, we classified arid regions with the SbAI and suggested that detection of land aridification or wetting might be possible by comparing the SbAI (= actual conditions) with the AI (= climatic conditions). This comparative analysis suggests that wet regions in arid regions are becoming more arid. & We examined the use of GSMaP precipitation data for continuous monitoring of AI. However, the AI determined with GSMaP precipitation is underestimated in hyper-arid and arid regions, and it is overestimated in semi-arid and dry sub-humid regions.
In the future, continuous monitoring of arid regions will be important, because they are very sensitive to climate change and human activities. To enable such monitoring, an Internetbased monitoring system should be created to manage data from MODIS and its successors such as the Second Generation Global Imager (SGLI) sensor on the Global Change Observation Mission-Climate (GCOM-C) satellite launched on 24 December 2017. Such information will facilitate sustainable land management in arid regions of the world.
